The clinical heterogeneity of Parkinson's disease (PD) may point at the existence of subtypes. Because subtypes likely reflect distinct underlying etiologies, their identification may facilitate future genetic and pharmacotherapeutic studies. Aim of this study was to identify subtypes by a data-driven approach applied to a broad spectrum of motor and nonmotor features of PD. Data of motor and nonmotor PD symptoms were collected in 802 patients in two different European prevalent cohorts. A model-based cluster analysis was conducted on baseline data of 344 patients of a Dutch cohort (PROPARK). Reproducibility of these results was tested in data of the second annual assessment of the same cohort and validated in an independent Spanish cohort (ELEP) of 357 patients. The subtypes were subsequently characterized on clinical and demographic variables. Four similar PD subtypes were identified in two different populations and are largely characterized by differences in the severity of nondopaminergic features and motor complications: Subtype 1 was mildly affected in all domains, Subtype 2 was predominantly characterized by severe motor complications, Subtype 3 was affected mainly on nondopaminergic domains without prominent motor complications, while Subtype 4 was severely affected on all domains. The subtypes had largely similar mean disease durations (nonsignificant differences between three clusters) but showed considerable differences with respect to their association with demographic and clinical variables. In prevalent disease, PD subtypes are largely characterized by the severity of nondopaminergic features and motor complications and likely reflect complex interactions between disease mechanisms, treatment, aging, and gender. V C 2010 Movement Disorder Society
A B S T R A C T :
The clinical heterogeneity of Parkinson's disease (PD) may point at the existence of subtypes. Because subtypes likely reflect distinct underlying etiologies, their identification may facilitate future genetic and pharmacotherapeutic studies. Aim of this study was to identify subtypes by a data-driven approach applied to a broad spectrum of motor and nonmotor features of PD. Data of motor and nonmotor PD symptoms were collected in 802 patients in two different European prevalent cohorts. A model-based cluster analysis was conducted on baseline data of 344 patients of a Dutch cohort (PROPARK). Reproducibility of these results was tested in data of the second annual assessment of the same cohort and validated in an independent Spanish cohort (ELEP) of 357 patients. The subtypes were subsequently characterized on clinical and demographic variables. Four similar PD subtypes were identified in two different populations and are largely characterized by differences in the severity of nondopaminergic features and motor complications: Subtype 1 was mildly affected in all domains, Subtype 2 was predominantly characterized by severe motor complications, Subtype 3 was affected mainly on nondopaminergic domains without prominent motor complications, while Subtype 4 was severely affected on all domains. The subtypes had largely similar mean disease durations (nonsignificant differences between three clusters) but showed considerable differences with respect to their association with demographic and clinical variables. In prevalent disease, PD subtypes are largely characterized by the severity of nondopaminergic features and motor complications and likely reflect complex interactions between disease mechanisms, treatment, aging, and gender. Parkinson's disease (PD) is generally known as a movement disorder, but there is an increasing awareness that the clinical spectrum of PD encompasses also many nonmotor domains like cognition and autonomic function. 1 Patients with PD exhibit conspicuous differences in the disease profile and progression rate. This clinical heterogeneity may indicate the existence of subtypes. Identification of subtypes is important as homogeneous groups likely reflect stronger clinical, pathological, and genetic coherence, which, in turn, may facilitate our understanding of involved biological pathways. This may ultimately lead to tailored treatment strategies.
In studies on PD subtypes, patients have often been classified according to predefined criteria [e.g., young versus old age at onset (AO) or dominance of tremor versus bradykinesia/rigidity], after which other clinical variables were compared between the resulting groups. 2 Alternatively, subtypes may be identified through a data-driven approach like cluster analysis (CA), in which the profile of the subtypes arise from the data without a priori clinical assumptions. In a systematic review, seven studies were identified that used CA to identify subtypes in the broad clinical spectrum of PD. 3 The majority of those studies identified a subtype with ''old age-at-onset and rapid disease progression'' and a subtype characterized by ''young age-at-onset and slow disease progression.'' However, the results of these studies were difficult to compare because of methodological differences. Studies focused on different PD domains, which were occasionally combined with other variables such as AO and dopaminergic therapy, resulting in conceptually unclear cluster solutions. Further, the applied CA techniques showed some limitations. 3 The aim of this study is to identify PD subtypes based on motor and nonmotor features of PD, by using a data-driven approach applied to the data of two large independent European cohorts. Patients in both cohorts fulfilled the United Kingdom PD Society Brain Bank criteria for idiopathic PD. 5 The recruitment procedure of the PROPARK cohort has been described in detail elsewhere. 6 In short, patients were recruited from outpatient departments of three university and six regional hospitals and assessed at the Leiden University Medical Centre. Four equally large strata based on AO (</>50 years) and disease duration (</>10 years) were constructed across the cohort to ensure an adequate distribution of factors that are considered to be important determinants of the disease course. Patients in the ELEP cohort were assessed at 20 centers in Spain. Here, six equally large strata were constructed based on sex, AO (30-60/>60 years), and disease duration (</>5 years). In both cohorts, AO was defined as onset of first symptoms as perceived by the patient. Patients who underwent stereotactic surgery were excluded because this intervention may influence the expression of the phenotype. No other selection criteria were applied. All patients gave written informed consent. 
Methods

Patients
Measurement Instruments
Except for depression, patients in both cohorts were assessed with the same instruments, which have been described in more detail elsewhere. 7 The following features were assessed: motor symptoms and motor complications (MCs) (SPES/SCOPA sections Motor and Motor Complications), cognitive functioning (SCOPA-COG), autonomic symptoms (SCOPA-AUT), psychotic symptoms (SCOPA-PC, items 1-5), nighttime sleep problems and excessive daytime sleepiness (SCOPA-SLEEP), and depressive symptoms [PROPARK: Beck Depression Inventory (BDI); ELEP: Hospital Anxiety and Depression Scale (HADS) 8 ]. Based on results of our previous study 9 motor features were evaluated by a tremor factor including rest and postural tremor, a factor consisting of bradykinesia and rigidity, and two axial factors, i.e., one factor comprising rise, gait, and postural instability, reflecting what is commonly known as postural-instability-gait-difficulty (PIGD), and one factor comprising freezing during on, speech, and swallowing (FOSS). Autonomic dysfunction was evaluated with the gastrointestinal, urological, and cardiovascular items (4-6, 8-16) of the SCOPA-AUT, since these items were considered most relevant for phenotyping. Higher scores reflect poorer function for all scales except the SCOPA-COG; scores of this latter scale were inversed to facilitate interpretability. Patients using antiparkinsonian medication were assessed in ''on'' state. For each patient, a total levodopa (L-dopa) dose equivalent (LDE) was calculated. 10 
Statistical Analysis
If 25% or more of the items of a scale was missing, this patient was excluded from statistical analyses. If, for a particular patient, less than 25% of the items of a scale were missing, missing data were imputed by the mean value of the nonmissing items of that scale of that patient.
Because severity of PD features increases with longer disease duration and, thus, may act as a potential confounder in the process of identifying distinct phenotypes, each variable was adjusted for disease duration: for each clinical feature, the residual value was obtained from a linear regression with the clinical feature as the dependent and disease duration as an independent variable. Finally, all variables were transformed into z-scores to obtain scale invariant outcomes.
Cluster Analysis
To identify subtypes, we performed a model-based CA on data of PROPARK year 1. Clusters were tested
for reproducibility in data of PROPARK year 2. The selected model was validated in data of the ELEP cohort by comparing the characteristics of the same model as selected in PROPARK year 1. Details of the clustering method and cluster selection criteria are provided in the supporting information (Supporting Information Appendix).
Characterization of Clusters
Cluster profiles were graphically displayed in heatmaps. Clusters were characterized for clinical-, demographic-, and disease-related variables using data of PROPARK year 1. Differences between clusters were evaluated using ANOVA and v 2 tests, using Bonferroni correction for multiple testing. A P-value <0.05 was considered significant.
To evaluate which features best discriminated the clusters of the PROPARK and ELEP cohort, a discriminant analysis was performed with the clusters as dependent and the PD features as independent variables. A second discriminant analysis was performed on the PROPARK cohort with demographic-(age and sex) and disease-related variables (AO, disease duration, and LDE) as independent variables.
CAs and cluster visualization were performed with SubtypeDiscovery 1.11 (https://gforge.nbic.nl/projects/ subtypediscover/) in R 2.7.0 (www.r-project.org). Other statistical analyses were performed using SPSS 16.0 (SPSS, Inc., Chicago, IL, USA).
Results
Data of 344 patients (1st assessment) and 276 patients (2nd assessment) of the PROPARK cohort and 357 patients of the ELEP cohort were available for analysis (Fig. 1, Table 1 ). A total of 48 (1%) values were imputed to replace missing values of 45 (13%) of the patients in the dataset of the first PROP-ARK assessment; 46 (1%) of the values were imputed to replace missing values of 38 (14%) patients in the dataset of the second PROPARK assessment. No data were missing for the ELEP cohort.
Cluster Characteristics
We selected a model with four clusters for further analysis (Supporting Information Appendix and Table;  Fig. 2A, Tables 2 and 3 ). Cluster 1 (49%) was characterized by an overall mild severity in all clinical domains. These patients were relatively young, had a younger AO, and had lower intake of and shorter exposure to L-dopa.
Cluster 2 (13%) was characterized by severe and frequent MCs and moderately severe sleep problems and depressive symptoms. These patients had longer disease duration and higher intake of and longer exposure to dopaminergic medication than patients in other subtypes. Patients in this subtype were comparatively young and had the youngest AO, and the proportion of women was relatively large.
Cluster 3 (30%) showed intermediate severity in nondopaminergic domains, while MCs were mild and less frequent. Patients were relatively old and had a higher AO.
Cluster 4 (8%) included patients who were severely affected in most domains, although tremor was relatively mild. MCs were prominent but less severe than in Cluster 2. This cluster was characterized by relatively high age and AO, long duration of L-dopa use, and a comparatively large proportion of women.
Disease duration did not significantly differ between Clusters 1, 3, and 4. The discriminant analysis showed that motor fluctuations, PIGD, and depression best discriminated the four subtypes of the PROPARK 
cohort. Based on those variables, 251 (73%) patients were correctly classified. Of the demographic-and disease-related variables, AO and total LDE best discriminated the four subtypes; based on these variables, 170 (50%) patients were correctly classified. When AO was substituted by age, 167 (49%) patients were correctly classified.
Cluster Validation
The EII-4 model of the ELEP cohort was similar to the one obtained in the PROPARK cohort (Fig. 2C) . Clusters 1-4 comprised 58%, 11%, 27%, and 5% of the patients, respectively. This distribution did not significantly differ from the distribution of the PROP-ARK subtypes (v 2 ¼ 6.21; df ¼ 3; P ¼ 0.102). Discriminant analysis showed that motor fluctuations, PIGD, and autonomic dysfunction correctly classified 286 (80%) patients in the ELEP cohort. By using the same discriminative variables as in the PROPARK cohort (depression instead of autonomic dysfunction), 274 (77%) patients were correctly classified.
Discussion
Conspicuous clinical heterogeneity exists among patients with PD, which is most likely attributable to differences in the mechanisms that underlie PD and complications of dopaminergic treatment. In this study, we aimed to identify clinical subtypes in PD and found four subtypes. The strengths of this study are the use of a data-driven approach in a large number of patients who were extensively characterized on a broad array of motor and nonmotor domains. Moreover, the results were validated in an independent Spanish cohort, in which patients were assessed by similar measurement instruments as in the PROPARK cohort. The latter finding emphasizes the transcultural validity of these subtypes and underscores their robustness despite differences in sample collection and sample characteristics.
By comparing the profiles of the subtypes (Fig. 2) , it appeared that two subtypes (Clusters 1 and 4) differed only by a severity gradient (benign versus malignant), regardless the clinical domain of interest. However, the profile of the other subtypes (Clusters 2 and 3) showed that, based on severity, certain clinical domains grouped together. This grouping of clinical domains is consistent with the results from an earlier study on the coherency of motor and nonmotor domains. 7 Two subtypes (Clusters 3 and 4) had prominent involvement of PIGD, cognitive impairment, autonomic dysfunction, psychosis, daytime sleepiness, and depression, which are predominantly nondopaminergic features (PND complex). In our previous study, this PND complex was associated with both disease severity and age and most likely reflects advancing disease. 7 PIGD has been previously identified as an important motor phenotype associated with cognitive decline, a higher risk for depression, and a more progressive course. [11] [12] [13] [14] [15] When PD is viewed from a broader perspective, PIGD may actually be the motor component of the much larger PND complex.
A tremor dominant subtype associated with a more favorable disease course [11] [12] [13] was not identified in this study. Recently, a clinicopathologic study showed that tremor is not an independent indicator of a benign disease course. 16 In addition, a longitudinal study showed that with the development of PIGD, the number of tremor predominant patients gradually decreased.
14 Hence, the prevalent character of both cohorts used in this study (mean disease durations 10 and 8 years) may explain why a tremor dominant subtype was not identified.
The two subtypes with prominent involvement of the PND complex (Clusters 3 and 4) had higher AO and age than the two other subtypes (Clusters 1 and  2) . Because of the cross-sectional nature of this study and largely similar mean disease duration of the subtypes, it is impossible to unravel whether AO or age most strongly determined disease severity. In the previous CA studies, cluster profiles were characterized on higher AO and rapid disease progression. 3 However, in longitudinal studies on cognitive impairment in PD where both AO and age were taken into account, only the latter was found related to faster rate of cognitive 
FIG. 2.
Heatmaps of the EII-4 models. A, PROPARK cohort year 1; B, PROPARK cohort year 2; C, ELEP cohort. FOSS: an axial motor factor consisting of ''freezing during on,'' ''swallowing,'' and ''speech.'' PIGD: an axial motor factor consisting of ''rise,'' ''gait,'' and ''postural instability.'' Each column represents a cluster. The colors indicate whether the cluster mean severity of a symptom is lower (blue color) or higher (red color) than the mean of the total group.
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decline. 17, 18 Compelling data from other studies suggest that advancing age is also an important determinant of clinical progression in PD, as reflected by PIGD, cognitive decline, and hallucinations. 16, 19 Notably, clusters with a similar AO and age also showed remarkable differences in severity of the PND complex (Cluster 1 versus 2 and 3 versus 4); underscoring that in addition to aging, other disease-modifying factors must play a role in the progression of PD. Levy 17 proposed an appealing model in which nondopaminergic manifestations result from biologic interaction between the disease process and aging. The PND complex likely reflects advancing Lewy body pathology, 20 which has been related to the enhanced level of alphasynuclein. 21 Interestingly, the latter is influenced by both the disease process and aging. 22 Aging may Means (SD) presented for all variables. For all PD signs and symptoms: higher scores reflect more problems.
In the columns presenting data of clusters 1-4 only significant differences are indicated. Disease duration (yr) (25) 13 (29) 22 (21) 
influence the progression of PD through shared involvement of processes fundamental to neuronal vitality, including the maintenance of protein homeostasis and mitochondrial function. 23 Our results further identified two subtypes with pronounced MCs (Clusters 2 and 4). Young AO, female gender, higher (cumulative) L-dopa dose, longer duration, and higher severity of the disease have been reported risk factors for MCs. [24] [25] [26] Except for disease severity, all the reported determinants were identified in Cluster 2. Conversely, in Cluster 4, only female gender and disease severity were identified determinants. Because younger AO is considered a risk factor for development of MCs 24, 27 it was surprising that also a substantial number of patients with an older AO clustered in a subtype with pronounced MCs. The finding that female gender was the only common risk factor in both subtypes with MCs highlights that subtype-specific interactions between medication and disease-related variables may result in a certain susceptibility to MCs.
Subtypes with prominent MCs also exhibited more severe mood and sleep disturbances. MCs may directly affect sleep and mood, but clustering of these symptoms may also be linked by factors related to female gender, since insomnia and depression are more frequent in women. 28 In conclusion, PD subtypes are largely characterized by the severity on two axes: the PND complex and MCs (Fig. 3) . Axial function and MCs, derivatives of both axes, discriminated best between subtypes, providing further support for this classification. Our findings further show that subtype expression is based on complex interactions between disease mechanisms, treatment, aging, and gender. These findings may have consequences for epidemiologic studies and trials, which hitherto have considered PD a homogeneous disorder, since risk factors and treatment effects may be subtype-specific. The contribution of genetic factors in the subtypes was not evaluated, because a previous screening for mutations in the Parkin, DJ-1, PINK1, LRRK2, and SNCA gene in the PROPARK cohort showed that pathogenic variations were demonstrated in only 4% of the patients. 29 Hence, it seems unlikely that differences between clusters can be explained by these known mutations.
With the model-based CA, we have tried to avoid the disadvantages of hierarchical and k-means CA. In contrast to these methods, model-based CA is not sensitive to outliers, and the model and number of clusters is not arbitrarily chosen but guided by a fit statistic. [30] [31] [32] This method estimates different models, varying in assumptions on the distribution of the clusters, thereby resulting in more precise solutions. 31, 32 And, more importantly, we were able to validate the results in an independent sample.
The recruitment strategy of PROPARK, aimed at obtaining an equal distribution of AO and disease duration, may limit generalization of our findings. However, this study aimed to identify subtypes and not their prevalence. Furthermore, despite different sample characteristics of the ELEP cohort, we identified similar subtypes. Because disease duration may influence the phenotypic expression of the disease, we aimed to correct each variable for the influence of disease duration. Small differences in mean disease duration between the subtypes nevertheless remained (range, 9.1-12.3 years), which was significant only between Clusters 1 and 2. Thus, it seems unlikely that these differences play a decisive role in the differential expression of subtypes. Nevertheless, the cross-sectional design of the study precludes the possibility to determine whether patients within clusters had followed similar disease courses. Moreover, given the prevalent nature of both cohorts, it is impossible to determine which factors at disease onset predict the subsequent development into particular subtypes. Collectively, this knowledge could be important for the development of tailored treatment strategies and, also, highlights the need for longitudinal studies on incident cases.
